Abstract-In this paper, we developed a new set of contentbased descriptors that incorporated three primitive features of color images: chromatic, spatial, and spectral. Based on the distance transform, the proposed local relative distance pattern (LRDP) records the distance pattern of a color plane. Thus, LRDP can be regarded as an integration of chromatic and spatial information. The spectral information for the boundary and texture portion of an image is extracted by the devised frequency histogram. These two descriptors are integrated to form a robust CBIR system. Experimental results show that the proposed scheme has better retrieval accuracy than conventional CBIR methods.
INTRODUCTION
The Internet has become an unmatched multimedia exchange platform. Numerous digital contents, including texts, audios, images, and videos, reside in this growing and stillevolving digital archive. Unlike the textual information that can be efficiently indexed through a keyword search, the visual information is more difficult to access because of the abundant and possibly inconsistent interpretations associated with it. The content-based image retrieval (CBIR) techniques have, therefore, been proposed as a remedy [1] . A CBIR system summarizes an image into simpler visual descriptions. The visual index can be regarded as a projection of the image space onto a lower-dimensional feature space. A query in the image space (e.g., to find images most similar to the example image) is transformed into the problem of finding the best matches in the feature space. The feature space should, therefore, have high discriminating capability while keeping lowest dimensionality for acceptable complexity. However, good CBIR systems are still elusive due to the inherent sensory gap (between real-world objects and recorded descriptions) and the semantic gap (between visual data and human interpretation).
Three major categories of low-level features, chromatic, spatial, and spectral, have been proposed in the literature for CBIR applications. Color is by far the most popular and efficient visual clue for pictorial data. First, it is fairly efficient and provides robustness to geometric distortions such as rotation and translation. Second, unlike other visual descriptions (e.g., shape or texture) that involve a degree of ad hocness, the involved computation is straightforward and simple.
Due to the lack of spatial information, the retrieval accuracy of the global color histogram is limited. Two semantically different images can assume a very similar global color histogram. Adding the spatial or spectral information can improve the retrieval accuracy. An intuitive approach for taking the shape into account is to regionalize the image through segmentation. The relationships between these regions can thus be recoded and measured based on a graph model [3] . To avoid the complication of image segmentation, Schmid and Mohr [4] proposed to distil the content of images into singular points such as corners and edges, and a voting algorithm was applied for similarity measure.
The spatial-chromatic histogram (SCH) [5] summarizes the spatial information of a color by its baricenter and standard deviation. Pre-processing mechanisms such as the distance transform (DT) can offer the shape information from another viewpoint [6] .
The physiological and psychophysical studies suggest the use of transformations or filter banks, which decompose an image into distinct spectral channels. The transform coefficients such as DCT (discrete cosine transform) provide an alternative and in many situations more effective description of the spatial distributions of pixels. Qiu and Lam [7] proposed grouping the pixels of the same frequency layer with a simple Gaussian filter.
It is in general very difficult to mimic the sophisticated behavior of the human visual system with a single low-level feature. A combination of features in different domains may help generate a better visual index. Unfortunately, such combination is usually heuristic and is a tedious process. In this paper, the geometrical structure of a color is characterized and classified according to the distance transform. In our approach, pixels are first classified into two portions: smooth, and boundary and texture. The smooth portion is represented by the local relative distance pattern, a 3x3 ternary map that records the relative DT values. The boundary and texture region is characterized by a histogram of spatial-frequency selective channels. These two descriptors are fused to generate a visual index for image retrieval.
II. PROPOSED SCHEME Two complementary visual descriptors are proposed in this paper. The first descriptor, called the local relative distance pattern, finds the chromatic-spatial features in the smooth portion. The other descriptor, called the frequency histogram, characterizes the spatial frequency around the boundary or texture pixels. These two descriptors are combined to generate the required visual index.
A. Local Relative Distance Pattern
The conventional DT, widely applied to template matching and shape analysis, calculates at every pixel the distance to its closest feature point. Let X denote the collection of feature pixels and let YC denote the complement of X (i.e, the collection of non-feature pixels). For a point xl, DT(x,) can be defined as the length of the shortest path pjl from xl to X [8] , i.e.,
O, else.
where d(.) is any distance function. The two-dimensional array filled with the distance-transformed values of an image is called a distance map. Three common distance functions have been widely used: city-block, chessboard, and Euclidean. The addition of saliency of features can improve DT's effectiveness (salience DT) [9] . In addition to the distancetransformed values alone, the propagation path (from the nearest feature point) may reveal more of the shape information.
To incorporate more spatial information around a pixel, we extend the distance transform to the local relative distance pattern (LRDP). Let M be the distance map for an image where M(p) denotes the distance value for a pixel p. LRDP is defined as a kxk matrix (k = 3 in this paper), in which an entry takes the difference of distance values between it and the central point, i.e., Another important issue for the DT-based approach is the thresholding. Conventional schemes apply the DT on a binary image obtained from binarizing algorithms such as edge detection. A different threshold usually results in a different distance map. We apply the DT on quantized color planes to minimize the effects of unstable feature extraction. The LRDP is applied in the interior region of an image instead of the boundaries to reduce the sensitivity.
B. Frequency Histogram
Studies on the human visual system suggest that it decomposes the image on the retina into a multiple spatialfrequency channels. Filter banks in signal processing can presumably mimic the visual responses of these frequencyselective channels. In our approach, we modified the frequency-layer work in [7] , where they retrieved the sharpness of an image through a Laplacian operation and computed the color histogram for each frequency layer. However, we are more interested in the frequency distribution for those pixels located on the boundary or texture area. Within the framework of DT, these pixels are easily identified by M(p) = 1, which signifies a border of feature and nonfeature points. We calculate the frequency histogram for each color, which takes the Laplacian value for the V component (intensity) based on following formula:
where M(pN) indicates the DT value of a neighbor point PN.
For the convenience of analysis, we use the chessboard distance that restricts the entry value in LRDP to {-1, 0, I}. 
C. Integrated index with LRDP andfrequency histogram
The LRDP and frequency histogram are combined to generate an integrated visual index. The overall system is depicted in Fig. 4 . A color image is first converted to the HSV color space. The LRDP is performed on each of the 32 nonuniformly quantized colors. This color quantization scheme was first proposed in [10] to reflect the human recognition of colors. Therefore, 32 distance maps (one for each color) are generated. On each distance map, the LRDP is produced for pixels with M(p) > 1 (the smooth area) that results in a 406-bin LRDP histogram. On the other hand, for pixels with M(p) = 1 (boundary or texture area) the frequency histogram with 20 bins is computed for each color. As a consequence, an image will finally be represented by a 32x426 feature vector that contains a comprehensive feature of chromatic, spatial, and spectral information. The dimension of this feature space can be greatly reduced if we consider rotation-invariant versions of LRDP.
III. EXPERIMENTAL RESULTS
Since the proposed method generates a refined color histogram that incorporates spatial and spectral information, conventional measurement for histogram comparison can be employed. In this paper, we adopt the intersection [2] as the similarity measure. For of two images I1 and I2 with where hj (1) is the value of the histogram's jh bin (see (1)). The experiments are conducted on the Berkeley Digital Library ( ) which contains more than 14,000 color images of size 192x128 in the JPEG format. We took six relevant sets as the ground truth for image indexing. To make a fair comparison, we also implemented the global color histogram (GCH) [2] and spatial-chromatic histogram (SCH) [5] as references.
Several objective measures for retrieval accuracy are used in this paper. The average rank (R) [2] takes the average rank of pair query over the relevant set:
n n Rankp (Ik Ij) R j=I k=l,k.j (6) n(n -1)
where n is the size of the relevant set and Rankp(Ik 1)) denotes the rank of the kth image when the jth image is used as the query. Considering pair-query, the elements other than kth and jth inside a relevant set are ignored. Note that for a relevant set with n images, totally nx(n-1) pair queries are performed. A rank larger than 500 (outside the observatory scope) is set to 500. The average relative rank (RR) is the ratio of the average rank with respect to a perfect retrieval, i.e., n n ,E,Rank(Ik Ij) RR = j= k=i (7) n(l+2+ ..n)
A value of RR close to 1 implies a good performance. The overall R and RR results for various relevant sets are summarized in Table 1 . A query result for the relevant set 'Speech' is shown in Fig. 5 . Some of the pair-query results in which the proposed method provides notably superior performance are given in Fig. 6 . It is observed that the proposed method outperforms the others when images have a background of different colors.
The third perfornance measure is the accumulated recall AR defined as [7] ( 8) where ni is the size of the 1th relevant set and Qj(j) is query result for the th image (running over all the images) in the iff relevant set. The numerator of the summand in (8) increases by 1 if Qj(j) falls within the top I positions. The accumulated recall as a function of I is graphed in Fig. 7 Figure 6 . Some pair-query results for perceptually similar images. The query images are given in the first row and the target images are given in the second. The numbers in the third row indicate the ranks for our scheme, SCH, and GCH, respectively.
IV. CONCLUSION We have presented a new CBIR scheme that integrates chromatic, spatial, and spectral properties of images. A color image is classified into two portions based the distance transform. The smooth portion is characterized by the local relative distance pattern, which records the local distance map around a pixel. The boundary and texture portion is characterized by the frequency histogram, which represents the magnitude distribution of the spatial-frequency channels. The proposed method is evaluated in terms of the average rank, average relative rank, and accumulated recall. When compared to other standard CBIR methods such as GCH and SCH, the proposed method provides substantial edge in retrieval accuracy. 
